Accurate simulation of terrestrial gross primary production (GPP), the largest global carbon flux, benefits our understanding of carbon cycle and its source of variation. This paper presents a novel light use efficiency-based GPP model called the terrestrial ecosystem carbon flux model (TEC) driven by MODIS FPAR and climate data coupled with a precipitation-driven evapotranspiration (E) model (Yan et al., 2012) . TEC incorporated a new water stress factor, defined as the ratio of actual E to Priestley and Taylor (1972) , and bias = À0.31 gC m À2 day À1 for this same set of data. In this case, the TEC model performed better than MOD17A2 products, especially for C4 plants. We obtained an estimate of global mean annual GPP flux at 128.2 AE 1.5 Pg C yr À1 from monthly MODIS FPAR and European Centre for Medium-Range Weather Forecasts (ECMWF) ERA reanalysis data at a 1.0 spatial resolution over 11 year period from 2000 to 2010. This falls in the range of published land GPP estimates that consider the effect of C4 and C3 species. The TEC model with its new definition of water stress factor and its parameterization of C4 and C3 plants should help better understand the coupled climate-carbon cycle processes.
Accurate simulation of terrestrial gross primary production (GPP), the largest global carbon flux, benefits our understanding of carbon cycle and its source of variation. This paper presents a novel light use efficiency-based GPP model called the terrestrial ecosystem carbon flux model (TEC) driven by MODIS FPAR and climate data coupled with a precipitation-driven evapotranspiration (E) model (Yan et al., 2012) . TEC incorporated a new water stress factor, defined as the ratio of actual E to Priestley and Taylor (1972) potential evaporation (E PT ). A maximum light use efficiency (e*) of 1.8 gC MJ À1 and 2.76 gC MJ
À1
was applied to C3 and C4 ecosystems, respectively. An evaluation at 18 eddy covariance flux towers representing various ecosystem types under various climates indicates that the TEC model predicted monthly average GPP for all sites with overall statistics of r = 0.85, RMSE = 2.20 gC m À2 day
, and bias = À0.05 gC m À2 day
. For comparison the MODIS GPP products (MOD17A2) had overall statistics of r = 0.73, RMSE = 2.82 gC m À2 day
, and bias = À0.31 gC m À2 day À1 for this same set of data. In this case, the TEC model performed better than MOD17A2 products, especially for C4 plants. We obtained an estimate of global mean annual GPP flux at 128.2 AE 1.5 Pg C yr À1 from monthly MODIS FPAR and European Centre for Medium-Range Weather Forecasts (ECMWF) ERA reanalysis data at a 1.0 spatial resolution over 11 year period from 2000 to 2010. This falls in the range of published land GPP estimates that consider the effect of C4 and C3 species. The TEC model with its new definition of water stress factor and its parameterization of C4 and C3 plants should help better understand the coupled climate-carbon cycle processes.
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Introduction
In the past decades (1980s and 1990s), the Earth experienced dramatic environment changes. It had the warmest decades in the instrumental record and a significant increase in atmospheric CO 2 levels (Houghton et al., 2001; Hansen et al., 2007) . Terrestrial ecosystems, including both vegetation and soil carbon pools, play an important role in the carbon cycle between land and atmosphere through photosynthesis and respiration. Gross primary production (GPP) is a measure of gross primary photosynthesis. Autotrophic respiration consumes about half of GPP (Chapin et al., 2002) ; the remainder is the net primary production (NPP). Accurate estimation of terrestrial ecosystem production at various temporal scales will improve our understanding of global carbon cycle and its relationship with climate change and atmospheric CO 2 change. For example, analysis of satellite-based NPP reveals that recent climatic changes have enhanced plant growth in northern mid-latitudes and high latitudes from 1982 to 1999 (Nemani et al., 2003) . Improving operational light use efficiency (LUE) algorithms for monitoring global GPP and NPP benefits the study of trends in the global carbon budget (Huntzinger et al., 2012; Turner et al., 2003) .
For this reason, efforts have been made to improve estimated GPP and NPP by using both statistical models and process models. Several statistical models such as the simple temperature and greenness model (TG model; Sims et al., 2008) , the regression tree approach (Xiao et al., 2010) , the support vector machine model (SVM; Yang et al., 2007) , model tree ensembles (MTE; Jung et al., 2011) , remote sensing based greenness and radiation model (GR; Wu et al., 2011) , the total canopy chlorophyll content and potential incident photosynthetically active radiation model (Gitelson et al., 2012) , the temperature and greenness rectangle model (TGR; Yang et al., 2013) , and the photosynthetic capacity model (PCM; Gao et al., 2014) have been developed to estimate GPP. Calibrations are required to build statistical GPP models. Conversely, training data determine the accuracy of GPP models. Another feature of statistical GPP models is that while they match the particular climate or vegetation types characterizing the training data, they may need re-calibration when extended to other climates or vegetation types. Recently, Yang et al. (2014) presented a simple model to estimate GPP in nonforest ecosystems by inverting the MODIS evapotranspiration (E) product (MOD16) using ecosystem water use efficiency (WUE = GPP/E).
Process models require detailed parameterization of vegetation, as well as soil and atmosphere, to simulate the vegetation's physiology (e.g., photosynthesis, autotrophic respiration, and transpiration). Since satellites can supply large-scale observation of terrestrial vegetation, a diverse set of satellite-based process models have developed quickly during recent years. These have the potential to accurately predict GPP and NPP from regional to continental scales (Potter et al., 1993; Ruimy et al., 1994; Field et al., 1995; Running et al., 2000; Xiao et al., 2005a; Yuan et al., 2007; Yang et al., 2007) . Remote sensing-based process models are principally based on the light-use-efficiency theory -photosynthesis production correlates with the absorbed photosynthetically active radiation (APAR) (Monteith, 1972; Asrar et al., 1984) and FPAR is derived from remote sensing data, GPP ¼ e Â APAR ¼ e Ã ÂS stress Â FPAR Â PAR (1) where GPP is the gross primary production (gC m À2 month
À1
), e is the actual LUE (gC MJ
) including environmental stresses and is often defined as e* Â S stress , e* is the maximum LUE and S stress refers to environmental stresses, FPAR is the fraction of PAR absorbed by the canopy, and PAR is the incident photosynthetically active radiation (MJ m À2 month À1 ). The fraction of PAR in the incident global radiation Q (MJ m À2 month
) is assumed to be 0.48 (McCree, 1972) . Because of remote sensing data adopted as model inputs, they are sometimes called 'diagnostic models' (Ruimy et al., 1996; King et al., 2011) .
Most LUE models attempt to couple the effects of temperature and water (e.g., soil moisture (SM), vapor pressure deficit (D), canopy water content) on the maximum light-use-efficiency which is either a universal constant for different ecosystems (Potter et al., 1993; Yuan et al., 2007) , or changes in different ecosystem .
As a key variable in LUE models, estimation of e has attracted multiple studies resulting in different parameterizations (Table 1 ).
TURC GPP model simply defines e as a constant of 1.21 g C MJ À1 (Ruimy et al., 1996) . C-Fix GPP model sets e-e* multiplied by a simple function of temperature (T e ) and, as a partial water-limitedmodel, assumes NDVI-derived FPAR depending on plant water availability at month scale (Veroustraete et al., 2002; Verstraeten et al., 2006) .
As SM and D directly affect photosynthesis, recent GPP models explicitly consider the effect of moisture in addition to temperature. However, the effect of water stress on ecosystem photosynthesis is probably the most uncertain factor in current LUE GPP models (Grant et al., 2006) and numerous definitions of waterstress factor (i.e., SM, D, evaporative fraction (EF), and satellitederived land surface water index) have been applied (Table 1) . Table 1 The definition of light use efficiency e, water stress factor W e , and maximum light use efficiency e* in twelve remote sensing-based GPP or NPP models. The MODIS-photosynthesis (PSN) model (MOD17) simply utilizes D to depict the effect of water stress on stomatal conductance because stomatal conductance decreases with an increase of D for many plant species (Jarvis, 1976) and further adopts variable e* for each biome type . The satellite-based vegetation photosynthesis (VPM) model uses a satellite-derived water index, i.e., land surface water index (LSWI), to represent leaf and canopy water content which is largely determined by dynamic changes of both SM and D (Xiao et al., 2005a) . Biosphere model integrating eco-physiological and mechanistic approaches using satellite data (BEAMS) GPP model defines the stress as a ratio of actual to maximum photosynthesis rate (P actual and P max ) calculated from a stomatal conductance-based leaf-photosynthesis model (Farquhar et al.,1980) , which accounts for the biochemical control of temperature, relative humidity, and soil water content (Sasai et al., 2007) . As SM and D play independent water stress effect on photosynthesis and stomatal conductance under an assumption of no synergistic interaction (Jarvis, 1976) , thus CFLUX (King et al., 2011) , global production efficiency model (GLO-PEM; Prince and Goward, 1995) , terrestrial observation and prediction system (TOPS; Nemani et al., 2009) , and physiological principles predicting growth (3-PG; Landsberg and Waring, 1997 ) GPP models acquire respective definition of SM and D (Table 1) .
Another methodology to define water stress effects is based on the concept of evaporation ratio, which represents water stress effect on actual evapotranspiration (E) and then GPP and NPP because E and photosynthesis processes are tightly coupled (Potter et al., 1993; Yuan et al., 2007) . However, different definitions of evaporation ratio are adopted in Carnegie-AmesStanford approach (CASA) NPP model and eddy covariance-light use efficiency (EC-LUE) GPP model; CASA NPP model defines evaporation ratio as a ratio of E to Thornthwaite (1948) temperature-based potential evaporation E Th (Potter et al., 1993) while EC-LUE GPP model uses EF, defined as E divided by available energy, to indicate the impact of moisture stress on photosynthesis because decreasing amounts of energy partitioned in latent heat flux suggests a strong moisture stress (Yuan et al., 2007) . However, Priestley and Taylor (1972) potential evaporation (E PT ), calculated from temperature and available energy, represents the potential evaporation over wet surface, thus in our opinion a new definition of water stress factor (i.e., the ratio of E to E PT ) might be expected to perform better in indicating the effects of moisture stress. To our knowledge, E/E PT ratio-based water stress factor has never been adopted in previous satellite GPP and NPP models.
In summary, there are two categories of definitions of water stress factor W e (i.e., E/E PT (or EF) and f(SM) Â f(D)) (or minimum of f(SM) and f(D)) in current GPP models as shown in Table 1 . The question is whether or not they play a similar role in showing the moisture stress on GPP estimation, a topic seldom addressed in previous studies of GPP models. A detailed summary of the definition of e, W e , and e* in twelve remote sensing-based GPP or NPP models can be found in Table 1 .
As eddy covariance flux towers can simultaneously observe carbon, water, and energy fluxes of terrestrial ecosystem and provide near real time and long-term information of ecosystem (Turner et al., 2003) , they improve our understanding of carbon and water cycles in the boundary layer Baldocchi, 2003) . Further analysis of flux data illustrates environmental controls over carbon dioxide and water vapor exchange of terrestrial vegetation . Thus, more flux data measured at different ecosystem types have been used for calibration and evaluation of global LUE GPP models (Wang et al., 2004; Xiao et al., 2005a; Heinsch et al., 2006; Yuan et al., 2007; Yang et al., 2007; Sjöström et al., 2013) .
Our intention in paper is to present a new remote sensing GPP model, the TEC model, which ingests MODIS LAI/FPAR, relative humidity, air temperature, and incident global radiation, precipitation, net radiation as model variables. The following sections will present: (1) development of the TEC GPP model, especially the water stress factor derived from actual E divided by E PT ; (2) evaluation of the TEC GPP model at 18 independent flux tower sites representing different ecosystems; (3) detailed comparison with MOD17A2 GPP products; (4) comparison of two kinds of water stress factors, e.g., E/E PT and f(SM) Â f(D); (5) discussion and the application of the TEC model for GPP estimation on a large scale.
Datasets and pre-processing

Flux evaluation data
Monthly averaged flux tower data and MODIS 8-day MOD15 LAI/FPAR and MOD17 GPP products available at Oak Ridge National Laboratory' Distributed Active Archive Center (ORNL DAAC) web site (http://public.ornl.gov/ameriflux/data-access. shtml) were employed in this paper.
Eddy covariance data
As soil data, including soil depth and soil texture, are used to calculate soil water characteristics so as to estimate actual E based on Air-Relative-humidity-based Two-Source (ARTS) E model (Yan et al., 2012) , only 18 flux sites with available soil data were selected from AmeriFlux flux tower sites and measured GPP, E, and meteorological data by the eddy covariance (EC) method were used in this study. The EC method is regarded as the best method to directly measure fluxes (Paw et al., 2000) and has been widely applied to global CO 2 , water, energy measurements at flux tower sites in FLUXNET ). The AmeriFlux network, which was established in 1996, provides continuous observations of ecosystem level exchanges of CO 2 , water, energy and momentum spanning diurnal, synoptic, seasonal, and interannual time scales from micro-meteorological tower sites.
The monthly averaged level 4 eddy covariance data (GPP, latent heat flux lE, air temperature T a , precipitation P r , vapor pressure deficit D, and global radiation) and the half-hourly level-3 data (relative humidity RH, net radiation R n , and wind speed u) used in this study were downloaded from the AmeriFlux network (ftp:// cdiac.ornl.gov/pub/ameriflux/data). The half-hourly data were further processed to the monthly averaged data to match the other eddy covariance data. The TEC GPP algorithm was verified at 18 independent AmeriFlux tower sites (Table 2) covering a range of different ecosystem types: deciduous broadleaf forest, mixed forest, evergreen needleleaf forest, crop, grasslands, chaparral, and savanna. These sites were grouped into three major classes (Table 2) so that each class had ample validation dataset: forest lands (evergreen forest, deciduous forest, mixed forest), crop lands (maize, wheat, soybean), and grasslands (grassland, tundra, chaparral and savanna). Six sites (i.e., Bondville, FermiA, MeadI, MeadIR, MeadR, and FermiP) are dominated by C4 plants; the other twelve sites are covered by C3 plants. Detailed descriptions of flux sites can be found at the website of http://public.ornl.gov/ ameriflux/site-select.cfm.
MODIS LAI/FPAR products (MOD15A2)
MODIS is the primary instrument onboard the National Aeronautics and Space Administration (NASA), Earth Observing System (EOS) sunsynchronous Terra satellite (10:30 am descending node) and Aqua satellites (1:30 pm ascending node) with 36 spectral bands ranging in wavelength from 0.4 mm to 14.4 mm.
The spatial resolution of band 1-2 is 250 m at nadir, 500 m for bands 3-7, and 1 km for the remaining 29 bands (Kaufman et al., 1998; Barnes et al., 1998) .
The MODIS LAI/FPAR products are retrieved from MODIS surface reflectances at up to 7 spectral bands by using a threedimensional formulation of the radiative transfer process in vegetation canopies (Knyazikhin et al., 1998; Myneni et al., 2002) . However, a back-up algorithm estimates LAI and FPAR with empirical MODIS specific NDVI-LAI and NDVI-FPAR relationships when the main algorithm fails due to clouds or atmosphere effects . The products were originally generated daily at 1 km spatial resolution and an 8-day compositing procedure was developed to provide high quality cloudless data in MODIS land products. Note that MODIS geolocation product (MOD03) has its own uncertainty, which could be up to several hundred meters, thus MODIS LAI product is affected because it requires at least 3 by 3 pixel averages to incorporate stochastic random variable in calculating LAI (Tan et al., 2006) . MOD15A2 collection 5 (C5) LAI/FPAR products, used for driving the TEC model at flux sites in this study, were downloaded from the ORNL DAAC (ftp://daac.ornl.gov/data/modis_ascii_subsets/) in a form of ASCII subset data covering a 7 Â 7 km 2 area centered on each flux tower. Single pixels containing the coordinates for a flux tower were extracted from LAI/FPAR products for calculating E and GPP. Its companion quality control (QC) data were used to check the quality of the MODIS LAI/FPAR data. All good quality data with MODLAND_QC = 0 (main algorithm) or SCF_QC = 2 or 3 (empirical back-up algorithm) were kept, while all other poor quality data were deleted and replaced by linear interpolation from the nearest reliable data as suggested by Zhao et al. (2005) . MOD15A2C5 LAI/ FPAR products refine the obvious overestimation of LAI in old collection 4 (C4) LAI products . In the TEC algorithm, MODIS FPAR was directly applied to estimating GPP while MODIS LAI was only related to actual E retrieval by using ARTS E model (Yan et al., 2012) .
MODIS GPP product (MOD17A2)
The operational MOD17A2 GPP/NPP global products at 1 km spatial resolution and 8-day temporal resolution are calculated from NASA's Global Modeling and Assimilation Office (GMAO) meteorological reanalysis data, biome type-specific maximum conversion efficiency, and MOD15A2 FPAR product according to the LUE concept (Zhao et al., 2005; Heinsch et al., 2006) . The MOD17A2 collection 5 (C51) 8-day GPP/NPP products improve the spatial interpolation of the coarse resolution GMAO meteorological data and cloud-contaminated MOD15A2 FPAR data found in previous collection 4 GPP/NPP products (Zhao et al., 2005) . The MOD17A2C51 GPP products, used for evaluating the TEC GPP model at flux sites in this study, were downloaded from ORNL DAAC (ftp://daac.ornl.gov/data/modis_ascii_subsets/) in a form of ASCII subset data.
The MODIS GPP algorithm (Running et al., , 2004 is based on the Monteith LUE theory (1972) and the MOD17 GPP is calculated as:
where e max is the biome-specific maximum conversion efficiency, m(T min ) as a scalar reduces e max when cold temperature T min limits plant growth, and m(D) is another scalar used to reduce e max when Table 2 Site name, abbreviation, latitude (lati), longitude (longi), climate, biome type, altitude (Al), canopy height (h), annual precipitation (P r ), annual GPP, years of data available for each flux site in this study, and citation. 
where 'close' indicates total inhibition and 'open' indicates no inhibition. The scalar of m(D) changes from 0.1 (nearly total inhibition) to 1 (no inhibition). Biome-specific values of D close and D open for a range of biomes and the biome-specific maximum conversion efficiency are listed in a biome properties look-up table (BPLUT) (Running et al., , 2004 . The GPP algorithm does not include the effect of soil water stress, and sensitivity of GPP to D is increased in the MOD17 GPP model to partially account for the problem (Heinsch et al., 2006) . Although MOD17A2 GPP is the only global-scale operational GPP product in high temporal and spatial resolutions, recent validation studies (Turner et al., 2003; Rahman et al., 2005; Yang et al., 2007) show that it has considerable errors due to problems associated with: inputs of climate data (Turner et al., 2006; Zhao et al., 2005) ; use of biome properties look-up table (Heinsch et al., 2006; Turner et al., 2006) ; the MOD17 algorithm itself (Heinsch et al., 2006) .
Global data
MOD15A2 collection 5 (C5) global 1 km spatial resolution, 8-day composite green LAI/FPAR products, used for global TEC GPP estimation in this study, were downloaded from the Land Processes Distributed Active Archive Center (LP DAAC, ftp://e4ftl01.cr.usgs.gov/MOLT/). All other poor quality data of LAI/FPAR products were deleted and data gaps were filled using linear temporal interpolation. This method successfully fills data gaps even in tropical regions, often covered by cloud, as shown by Zhao et al. (2005) . Further, 8-day FPAR data was averaged to monthly temporal and finally used for driving TEC GPP model in this study.
MOD17A3 global yearly GPP products were directly used to evaluate the TEC GPP model spanning 2000-2010 in this study. The new version-55 of the Terra MODIS GPP/NPP products was produced by the Numerical Terradynamic Simulation Group (NTSG)/University of Montana (UMT). It corrected the problem with cloud-contaminated MODIS LAI/FPAR inputs to the MOD17 algorithm (Zhao et al., 2005) .
The input European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-Interim reanalysis data was applied to driving TEC GPP model and its coupled ARTS E model. ERA-Interim data, as the latest global atmospheric reanalysis covering the period of 1979-2012, has been produced by ECMWF with substantial improvements in the representation of the hydrological cycle, the quality of the stratospheric circulation, and the consistency in time of the reanalyzed fields (Dee et al., 2011) . Its assimilating model features T255 horizontal resolution, 60 vertical levels extending from the surface up to 0.1 hPa, and 12-hourly four-dimensional variational analysis (4D-Var) that includes the adaptive estimation of biases in satellite radiance data (Dee et al., 2011) .
ERA PAR at the surface, surface net solar radiation, surface net thermal radiation, 10 m wind speed, 2 m dewpoint temperature, and 2 m air temperature data at a resolution of 1.5 Â 1.5 were downloaded from ECMWF (http://data-portal.ecmwf.int/). C3 and C4 plants are two fundamental plant functional types (PFTs) with different responses to light, temperature, CO 2 , and nitrogen during the photosynthetic process with distinctive photosynthetic pathways (Pau et al., 2013) . A fine-scale distribution of these plant types is required for modeling GPP. To apply different maximum light use efficiency e* to C3 and C4 plants in modeling global land GPP, we used the global 1 griddeddistribution of C3 and C4 plant percentage data that was derived from the C4 climate map, continuous fields/plant growth form dataset, crop fraction distribution, and crop type harvest area statistics (Still et al., 2003) . Several scenarios were adopted to produce the C4 plant fraction in each grid cell to treat natural (i.e., climate, fire) and anthropogenic (i.e., crop) controls on the distribution of C4 and C3 plants. C4 and C3 plants occupy 18.8 Â 10 6 and 87.4 Â 10 6 km 2 , respectively, with remainder of the global land covered with ice and bare ground (Still et al., 2003) . The C4 plant percentage data has been successfully used in estimating global land GPP (Still et al., 2003; Ryu et al., 2011) .
The Global Precipitation Climatology Centre (GPCC) data is a 0.5 latitude/longitude, gridded dataset of monthly terrestrial surface precipitation climate over the period . The GPCC project is operated by National Meteorological Service of Germany under the auspices of the World Meteorological Organization (WMO). A Full Data Reanalysis Product of precipitation, used in this study, was developed by using an empirical interpolation method SPHEREMAP (Willmott et al., 1985) from an available GPCC station database (67,200 stations with at least 10 years of data) complied from all available sources (Rudolf et al., 2011) . Monthly GPCC timeseries show month-by-month variations in precipitation climate.
Global 1 gridded surfaces of selected soil characteristics including maximum soil available water content (MAWC) for a soil depth of 0-150 cm developed by International Geosphere-Biosphere Programme (IGBP) -Data and Information Services (DIS) were downloaded from the ORNL DAAC (http://daac.ornl.gov/).
All global forcing data including MOD15A2 LAI/FPAR products, GPCC precipitation dataset, and ERA-Interim monthly reanalysis meteorological data were re-sampled to a 1.0 Â 1.0 grid resolution by using a bilinear interpolation method, and then applied to driving the TEC GPP model and its coupled ARTS E model on a monthly timescale.
Development of global Terrestrial Ecosystem Carbon flux (TEC) GPP model
The TEC model simulates GPP of terrestrial ecosystem from the general form of the LUE model (Eq. (1)) suggested by Monteith (1972) . As the light use efficiency e actually varies with several environmental and vegetation-related parameters (Maisongrande et al., 1995; Ruimy et al., 1994) , temperature and water stresses are taken into consideration in TEC-GPP model,
GPP ¼ e Ã ÂT e Â W e Â FPAR Â PAR (5) where e* is the maximum light use efficiency, PAR is the incident photosynthetically active radiation (MJ m À2 month À1 ), and T e and W e account for effects of temperature stress and water stress on light use efficiency of ecosystem, respectively. TEC uses a universal e* with a value of 1.8 gC MJ
À1 observed for C3 species in field (Waring et al., 1995) and already employed by 3-PG model (Landsberg and Waring, 1997) . However, as leaf photosynthetic rates of C4 species are greater than those of C3 species (Jones, 1992; Pearcy and Ehleringer, 1984; Prince and Goward, 1995; Baldocchi, 1994) . Verma et al. (2005) also reported that the peak CO 2 uptake for C4 maize is about two times of the value for C3 soybean and the annual GPP of soybean is only 45-55% of maize GPP with or without irrigation, thus to solve such GPP estimation error induced by C3 and C4 species, TEC uses a universal e* = 2.76 g C MJ À1 for C4 species as suggested by Prince and Goward (1995) . T e is calculated using the temperature stress equation developed for the Terrestrial Ecosystem Model (Raich et al., 1991) ,
where T a is the air temperature ( C), T min , T max , and T opt are minimum, maximum, and optimal temperature for photosynthetic activities, respectively and the biome-dependent parameter values can be found in Melillo et al. (1993) . The T e equation shows that photosynthesis is suppressed at lower and higher thresholds of air temperature dependant on biome type. This T e equation is also adopted by EC-LUE GPP model and VPM GPP model (Xiao et al., 2005a; Yuan et al., 2007) .
The impact of water stress on leaf photosynthesis has been estimated as a function of E/E P , EF, SM and/or D, and satellitederived water index in current GPP and NPP models (Yuan et al., 2007; Xiao et al., 2005a; Landsberg and Waring, 1997; Prince and Goward, 1995; Potter et al., 1993) . As the E-based water stress factor provides a more direct measure of water stresses on vegetation photosynthesis than other water stress factors, thus E-based water stress factor is preferred to other forms of water stress factor. However, actual E has to be normalized by different dividend such as available energy A (Yuan et al., 2007) and E Th (Potter et al., 1993) that is a function of monthly T a (Thornthwaite, 1948) . As T a and A are two key factors indicating heat resources for evaporation, thus E PT , due to including both contribution of T a and A, is better as the dividend in calculating water stress factor compared with only A or T a -based water stress factor.The water stress factor W e in the TEC GPP model is defined as,
where E is actual evapotranspiration and E PT is the Priestley and Taylor (1972) potential evaporation,
where E PT is the potential evaporation (W m ). A is set to the net radiation R n here, because soil heat flux G can be ignored for daily and longer time steps in the calculation of E (Allen, 1998). As a has a daily mean of 1.30 AE 0.03, 1.34 AE 0.05, and 1.33 AE 0.21 over saturated land surface at three sites respectively (Priestley and Taylor, 1972) , TEC model uses an averaged mean of a = 1.35 to calculate E PT over land surface. The TEC GPP model calculates E in Eq. (7) following the ARTS E Model (Yan et al., 2012) that simulates the surface energy balance, soil water balance, and environmental constraints on E with inputs of remotely sensed LAI (L ai ) and surface meteorological data. Initially, ARTS E Model calculates the canopy transpiration (E c ) model (Monteith, 1965) coupled with a simple L ai -based canopy conductance (G c ) model, and the soil evaporation (E s ) equation modified from the air-RH-based model of evapotranspiration (ARM-ET) (Yan and Shugart, 2010) with an assumption of well-watered surface. Then a soil water balance model, with input of precipitation and maximum soil available water content, is adopted to scale total evapotranspiration E 0 (i.e., E c plus E s ) to actual E in the ARTS E model. It has been successfully applied to study the interannual variation of global land E over 1982-2011 and the impact of El Niño Southern Oscillation (ENSO) (Yan et al., 2013) . A more detailed description of ARTS E model can be found in the reference (Yan et al., 2012 (Yan et al., , 2013 .The TEC GPP model was evaluated on monthly scale by comparing its GPP against flux tower GPP products at 18 AmeriFlux sites. The standard statistical variables used in the evaluation are bias, root-mean-square-error (RMSE), and correlation coefficient (r).
Results
Evaluation of TEC GPP model at flux sites
GPP measurements at 18 AmeriFlux sites representing various ecosystem types under various climates were used for validation of TEC GPP estimates. C3 and C4 crop rotations were incorporated into the TEC GPP model to give respective GPP estimates at several AmeriFlux sites. The TEC model predicted monthly average GPP for all sites (samples = 672) with overall statistics of r = 0.85, RMSE = 2.2 gC m À2 day
À1
, and bias = À0.05 gC m À2 day À1 (Fig. 1a and , respectively). The TEC GPP model can capture the seasonal variations and the magnitudes of GPP measurements at 18 sites ( Fig. 2 and Table 3 ). The poorest correlations (r values ranging from 0.46 to 0.66, Table 3 ) were found in a few sites such as SGP, Mize, and Vaira (Fig. 2) . TEC GPP performance varied by flux site and ecosystem type (Table 3) (Fig. 1b) showed that TEC GPP accuracy increased with temporal scale; the slope k of linear regression also increased, from 0.73 for monthly TEC GPP to 1.06 for yearly TEC GPP. Yearly estimated TEC GPP (Fig. 1b) showed a better performance (RMSE = 0.77 gC m À2 day À1 , bias = À0.1 gC m À2 day
, and r = 0.84) compared with monthly TEC GPP.
Evaluation of water stress factor of E/E PT at site level
As water stress factor plays a key role in GPP models, evaluation of water stress factor of estimated TEC E/E PT against observed flux E/E PT is essential. Fig. 3a shows that the TEC E/E PT could explain 62% variation of flux E/E PT across 18 flux sites with a RMSE of 0.18 and a bias of À0.01. However, different seasonal variations of E/E PT (Fig. 4a-c) were found at flux sites (e.g., Vaira, Bondville, and Mize) due to different E and energy supply E PT (Fig. 4d-f) .
Vaira site has an average precipitation of 565 mm yr À1 featuring a Mediterranean climate with distinct dry and wet seasons, and growing season is confined to the wet season only, typically from October to early May. Dry season featured a higher E PT but a lower actual E (Fig. 4d) . As a result, both TEC E/E PT and flux E/E PT had large seasonal variations showing a distinct transition from a wet season with a higher E/E PT above 0.9 to a dry season with a lower E/E PT below 0.1 (Fig. 4a) , which indicates water supply controlled the variation of E/E PT at Vaira (Fig. 4d) with a resulted higher r of 0.93 between TEC E/E PT vs. flux E/E PT (Fig. 4h) . Bondville site has an annual rotation between corn (C4) and soybeans (C3) representing a temperate continental climate with an average precipitation of 990 mm yr
À1
. As there was no obvious water stress, ARTS E and flux E increased with an increase of E PT and vice versa, i.e., E was controlled by energy supply E PT (Fig. 4e) . A r of 0.70 between TEC E/E PT vs. flux E/E PT was obtained (Fig. 4i) .
Mize site has dry mild winters (November-March), warm dry springs (April and May), warm humid summers (June-October), with 52% of annual precipitation (1228 mm yr À1 ) falling during the summer months. Due to abundant precipitation, E was dominantly controlled by energy (Fig. 4f ) and TEC had a stable E/E PT of about 0.7 (Fig. 4c ) except an obvious low value of 0.45 in April, 2004 subject to an drought event, which was successfully captured by ARTS E (Fig. 4f ) and TEC GPP (Fig. 2) . Due to no obvious seasonal variation, E/E PT produced a lower r of 0.24 between TEC E/E PT vs. flux E/E PT (Fig. 4j) .
It can be concluded that TEC E/E PT often has a lower r with flux E/ E PT at wet sites with plentiful water supply (i.e., forest or irrigated crop land) because E variations are mainly driven by energy supply (i.e., E PT ). In other words, E/E PT dose not play a water stress effect on GPP estimation in a humid environment, thus a low r of TEC E/E PT vs. flux E/E PT dose not deteriorate the accuracy of GPP prediction. For instance, TEC E/E PT had a low r = À0.06 at Bartlett (Fig. 3b) , but TEC GPP still had a higher r = 0.97 with observed GPP at Bartlett (Fig. 2) .
Comparison of water stress factor of E/E PT and E/R n at site level
As E/R n is also capable of indicating water stress as used in EC-LUE model (Yuan et al., 2007) similarly to E/E PT adopted in this study, we evaluated their potential in representing water stress effect in two ways. First, we calculated a new TEC GPP Rn for all sites on monthly scale with W e defined as E/R n to substitute for E/E PT in Eq. (5). Fig. 5 shows that TEC GPP Rn had a statistic (RMSE = 2.28 gC m À2 day
À1
, bias = À0.46 gC m À2 day
, and r = 0.84) slightly worse than that of original TEC GPP.
Second, because water stress factor inferred from vapor pressure deficit (D) and/or soil moisture (SM) has been used in some GPP models (Table 1) , D and SM-derived water stress factor as an independent variable has a potential to evaluate other form of water stress factor such as E/E PT and E/R n . According to the definition of water stress factor W e in 3-PG model (Landsberg and Waring, 1997), we calculated vapor Further correlation analysis of 3-PG W e vs. E/R n and E/E PT (Fig. 6a) shows that 3-PG W e had a higher r with E/E PT than that with E/R n at 11 sites (except one site, Bartlett). The new W e1 (i.e., f(D) Â f(SM)) also had a higher r with E/E PT compared with E/R n (Fig. 6b) . Thus, it can be seen that the minimum of f(D) and f(SM) and the product of f(D) and f(SM) as a water stress factor in different form had a similar capacity in exerting the water stress effect (Fig. 6c) . Note that six sites (MeadI, MeadIR, MeadR, Mize, Morgan, and UMBS) are not considered in Fig. 6 because there is no observed SM data for these sites. Overall, E/E PT appears superior to E/R n in representing water stress in the frame of TEC GPP model. In addition, E/E PET -based drought severity index (DSI) has been successfully applied to study the variation of global drought (Mu et al., 2013) .
Comparison with MOD17A2 GPP and other GPP models
The original 8-day MOD17A2 GPP products were averaged to monthly GPP and compared with flux tower GPP data and TEC GPP data at monthly temporal scales. The MOD17A2 GPP predicted monthly average GPP for all sites (samples = 672) with overall statistics of r = 0.73, RMSE = 2.82 gC m À2 day
À1
, and bias = À0.31 gC m À2 day À1 (Fig. 1a) . Thus, TEC GPP had a better statistical performance than MOD17A2 GPP (Fig. 1a and . Both TEC GPP and MOD17A2 GPP estimates were more accurate for forest ecosystems than that for non-forest ecosystems. A similar result was reported by Yang et al. (2007) and Heinsch et al. (2006) . Yearly estimated MOD17A2 GPP (Fig. 1b) showed better performance (RMSE = 1.03 gC m À2 day
, bias = À0.35 gC m À2 day
, and r = 0.75) relative to monthly MOD17A2 GPP.
The MOD17A2 GPP showed an obvious under-estimation with a bias of -0.76 and -0.88 gC m À2 day À1 for crop and grass sites, respectively, which is consistent with the analysis of Yang et al. (2007) and Zhang et al. (2008) . Recently, Sjöström et al. (2013) also reported MODIS underestimates GPP at dry sites located in the African Sahel region, while TEC GPP had a better performance with a lower bias of -0.16 and -0.40 gC m À2 day À1 for crop and grass sites ( Table 2) . Fig. 2 indicates that the obvious under-estimation of MOD17A2 GPP often occurred at six sites with C4 crop and grass including Bondville, FermiA, MeadI, MeadIR, MeadR, and FermiP. For example, MeadIR crop site was planted with continuous C4 maize, and FermiP grass site was covered with C4 grasses and forbs. Fig. 1c shows that for C4 plants at six sites, MOD17A2 GPP had a worse performance (RMSE = 4.33 gC m À2 day
, bias = À1.45 gC m À2 day À1 , and r = 0.83) (Fig. 1c) compared with monthly TEC GPP.
The under-estimation of MOD17A2 GPP was partly due to neglecting the difference of C3 and C4 species because leaf photosynthetic rates of C4 species are greater than those of C3 species (Jones, 1992; Pearcy and Ehleringer, 1984; Prince and Goward, 1995; Baldocchi, 1994; Verma et al., 2005) . To solve such GPP estimation error induced by C3 and C4 species, the TEC GPP model (similar to GLO-PEM GPP model, Prince and Goward, 1995) adopted different maximum light use efficiency (e*) for C3 and C4 species. C4 e* was only adopted when C4 crop was planted in field according to the plantation record. Similarly, C3 e* was just applied to C3 crop in the TEC model. Explicit consideration of C3 and C4 crop is the main merit of TEC GPP model. However, MOD17A2 GPP does not distinguish C4 species from C3 species as a global GPP model. The resultant error implies that it is essential to take into account the spatial distribution of C3 and C4 species in modeling global land GPP.
Some previous GPP models, due to calibration of e* as an essential prerequisite, perform better than TEC GPP model. For example, the EC_LUE model can explain 77% variations across Fig. 5 . Scatterplots of the observed Flux tower GPP vs. estimated TEC GPP Rn driven with E/R n as a water stress factor. Fig. 6 . Correlation coefficient r of (a) the minimum of f(D) and f(SM) vs. E/E PT and E/ R n and (b) the product of f(D) and f(SM) vs. E/E PT and E/R n at 12 flux sites respectively, and (c) scatterplots of the minimum of f(D) and f(SM) vs. f(D) Â f(SM).
16 America flux sites (Yuan et al., 2007) and 79% and 62% of the GPP variation at 32 Asian sites with C3 and C4 vegetation (Li et al., 2013) , while the TEC GPP model just explains 71% variations across 18 flux sites on monthly scale. The SVM model predicted GPP for 24 available AmeriFlux sites with an RMSE of 1.87 gC m À2 day
and an r of 0.84 (Yang et al., 2007 ) while TEC GPP model had statistics of a higher RMSE of 2.20 gC m À2 day À1 and a same r of 0.84. The SVM model was trained with a large number of GPP data examples from AmeriFlux 33 flux sites and the EC_LUE model was developed with GPP training data from 12 flux sites. Unlike the previous two models, the TEC GPP model adopted a published e* of 1.8 and 2.73 gC MJ À1 for C3 and C4 species, respectively. As a result, the TEC GPP model had the advantage that it can more easily be applied to large areas due to no need of additional calibration.
Global estimation of TEC GPP
Global land TEC GPP over 11 years from 2000 to 2010 was estimated using monthly MODIS FPAR and ECMWF ERA reanalysis data at 1.0 spatial resolution. Fig. 7 shows the spatial distribution of annual TEC GPP that further indicates the regulation of climate. Warm and humid climate zones often corresponded to a high GPP; tropical and subtropical forests in South America, Africa, and Asia Island had a high GPP of 2000 gC m À2 yr
À1
. In contrast, cold and dry climate zones usually featured a low GPP due to stressed effect of low temperature or precipitation; the major deserts of North Africa, Middle East, Middle Asia, and Australia, as well as highlatitude regions in the northern hemisphere, had a GPP less than 590 gC m À2 yr
. Such spatial pattern of global GPP was consistent with previous results (Sasai et al., 2007; Yuan et al., 2010; Jung et al., 2011) . Fig. 8 shows that the TEC model estimated a mean annual land GPP of 128.2 Pg C yr À1 with a standard deviation of 1.5 Pg C yr À1 , which falls in the range of published global GPP estimates that consider the effect of C4 and C3 species, respectively. For instance, BESS model quantified the global GPP as 118 AE 26 Pg C yr (Sasai et al., 2007) . In addition, the Simple Biosphere Model (SIB), coupled with global distribution of C4 and C3 vegetation, estimated a higher GPP of 150 Pg C yr À1 (Still et al., 2003) .
The global GPP value calculated by TEC model was obviously higher than the estimates of EC-LUE and MOD17 models regardless of C4 plant effect. EC-LUE model presented an annual mean GPP value of 110 Pg C yr (Zhao et al., 2005) and recent MOD17A3 products gave an average GPP of 114.3 AE 0.9 Pg C yr À1 (Fig. 8) . This reveals that regardless of C4 species can result in an underestimated global GPP. Fig. 9 presents the latitudinal variation of C4 and C3 annual land TEC GPP. C4 GPP reached a global maximum at latitude between 0 N and 20 N, which was consistent with Still et al. (2003) . The modeled TEC GPP for C4 plants was 40.3 AE 1.1 Pg C yr À1 similar to 35.3 Pg C yr À1 given by Still et al. (2003) and contributed 31.6% to global GPP, which was close to 27% obtained by Fung et al. (1997) but higher than some previous estimates of $23% and 20% (Still et al., 2003; Beer et al., 2010) . Global TEC GPP estimates (Fig. 8) had no significant trend from 2000 to 2010 (slope of k = 0.07, P = 0.66), which was consistent with the result of MOD17A3 GPP (slope k = 0.02, P = 0.81) and satellite observations of vegetation activity (Samanta et al., 2011) . Further comparison of trends of TEC and MOD17A3 GPP (Fig. 10a and c) indicates an increase in eastern Russia, China, India, central African, western North America, and a decrease in western Russia, tropical Asia, Australia, southern South America by both models. Large differences were found in central North America where TEC and MOD17A3 GPP showed opposite but not statistically significant trends. Indeed, significance analysis of linear trend (Fig. 10b and d) indicates that most variations of global land GPP for period of 2000-2010 were not statistically significant.
Discussion
The TEC, CASA and EC-LUE GPP models similar to TEM (Raich et al., 1991) and BESS (Ryu et al., 2011) physiological models apply a scalar (often defined as the ratio of E to E Th , A, or E PT ) to infer water stress on GPP or NPP because the ratio scalar is capable of showing climatic supply/demand control on vegetation productivity . One more merit of such GPP models is that they all adopt a universal e* for C3 species due to use of evaporation ratio as the water stress factor. However, Thornthwaite (1948) temperature-based E Th adopted in CASA NPP model (Potter et al., 1993 ) and available energy A used in EC-LUE GPP model (Yuan et al., 2007) are not real potential evaporation (E P ) in concept because E P should include contributions of temperature and available energy according to Penman (1948) evaporation theory. Thus TEC model was prior to CASA and EC-LUE models in defining the water stress factor as E/E PT because E PT , calculated from temperature and net radiation, represents the potential evaporation over wet surface (Priestley and Taylor, 1972 ). Fig. 6 shows E/E PT had a better performance than E/R n in expressing water stress effect. In addition, E PT subtracted from annual precipitation is used as a water balance coefficient to evaluate water budget limitations on NPP . Note that Priestley-Taylor E PT equation defines aerodynamic forcing term as a constant percent of radiation forcing term and hence neglects the highly variable effect of wind speed and atmospheric humidity, while Penman-Monteith type of E P equation, due to physically considering the contribution of aerodynamic forcing term and radiation forcing term, might be preferred in representing E P .
Numerous LUE models, such as MOD17A2 GPP, 3-PG model, and the CFLUX model, adopt D and/or SM to describe water stress effect as a physiological control over plant productivity. As a result, they often require biome-related e* as input variables (Table 1) to compensate for the lack of uniform environmental constraint equations to LUE among various C3 biome types (Yuan et al., 2010) . This limits large scale applications of GPP prediction due to classification error from various C3 biome types.
As TEC GPP model includes a new water stress factor and treats C3 and C4 plants separately, it is necessary to quantify the relative importance of the two innovations. Driven with the new water stress factor and the universal C3 e* of 1.8 gC MJ À1 applied for all data, TEC model predicted monthly average GPP for all sites (samples = 672) with an improved statistics of r = 0.81, RMSE = 2.43 gC m À2 day
À1
, and bias = À0.39 gC m À2 day
. Further addition of the separate treatment of C3 and C4 plants in TEC GPP model , and bias = À0.05 gC m À2 day À1 for all data. In short, the two innovations independently played a positive effect in improving GPP estimation, but the new water stress factor played an essential role in building the TEC GPP process model. The TEC GPP model as a novel GPP model can be easily applied to large areas with aid of distribution map of C3 and C4 biomes because it explicitly considered the difference of C3 and C4 ecosystems besides water stress impact. However, most previous satellite-based GPP progress models do not distinguish between C3 and C4 species except GLO-PEM model and a revised CASA model (Still et al., 2003) . Note that some biopyhsical models such as Boreal Ecosystem Productivity Simulator (BEPS; Chen et al., 2012) and BESS (Ryu et al., 2011) use biochemical leaf photosynthesis models for C3 (Farquhar et al., 1980) and C4 plants (Collatz et al., 1992) , respectively, i.e., they do not need remote sensing FPAR data.
As water stress reduces the GPP especially when drought occurs (Nightingale et al., 2007; Leuning et al., 2005) , thus, how different water stress constraints (SM, D, E/E PT , and EF) or their combinations would result in different GPP behavior in drought events has gained much attention. Mu et al. (2007) found that D signals easily decouple with soil moisture dynamics especially at summer monsoon-dominated climate regions such as China, which shows that D and SM play a distinctive role in stressing GPP. In addition, soil moisture as an independent stress factor affects stomatal conductance and GPP as well (Jarvis, 1976) . However, the MOD17 method uses f(D) to account for the effects of atmospheric demand for water vapor on GPP but neglecting soil water stress (Leuning et al., 2005) . As a result, MOD17 overestimated GPP at a tropical wet/dry savanna site during the dry season (Leuning et al., 2005) and in eco-regions with substantial drought (Nightingale et al., 2007) . We also found that MOD17 GPP missed a drought event in April, 2004 at Mize (Figs. 2 and 4f) .
Besides, drought effect on interannual variations of global GPP has drawn much attention. Zhao and Running (2010) initially pointed out drought-induced reduction in global terrestrial NPP from 2000 through 2009 based on MOD17 GPP products. However, Medlyn (2011) argued that it is the water stress effect due to rising D that decreases MOD17 NPP at higher temperatures. Hashimoto et al. (2013) further scrutinized the model responses to drought by using different sets of simulations with D and/or SM-based drought stress functions within the TOPS (Nemani et al., 2009) modeling frameworks. He found that TOPS simulations with a D-control-only-function underestimate GPP trend during the period 2000-2009 because of over-sensitivity to D drought effects. Thus, many global GPP models such as CFLUX model, TOPS model, GLO-PEM model, and 3-PG model, incorporate both D and SM as modification functions of LUE because they show very different behavior in space and time. In contrast with the accepted water stress factor (i.e., f(D) Â f(SM)), we found that E/E PT was better than E/R n in expressing the effect of water stress (Fig. 6) .
However, as physiological control (i.e., f(D) Â f(SM)) and supply/ demand control (i.e., E/E PT ) are different types of water stress factor in concept , then the question is whether they play a same role in describing the water stress effect on GPP. Fig. 11a also shows that both water stress factors, i.e., f(D) Â f(SM) and E/E PT , can successfully capture summer drought at Vaira characterized by obvious interannual variations of SM and D (Fig. 11b) . Another common feature is that f(D) Â f(SM) or E/E PT has a high value above 0.9 in winter, i.e., there is no water stress effect in non-growing season at three sites (Fig. 11a, c , and e). But they feature different variations in summer at Bondvill crop site (Fig. 11c) and Bartlett forest site (Fig. 11e) , i.e., f(D) Â f(SM) tends to exert a water stressing effect even in summer featuring plentiful water supply (i.e., f(SM) = 1.0) because f(D) is anti-correlated with an increase in D (Fig. 11d and f) , whereas E/E PT indeed tends to show an increasing energy supply in summer because energy controls the variations of E and GPP at sites with plentiful water supply (Fig. 11c and e) . This implies that GPP models with a f(D)-control-only or a combined-f(D) Â f(SM) control simulation tend to underestimate GPP trend in wet summer, which might lead to a wrong assessment of climate change impact on carbon cycle. It is consistent with the findings of Hashimoto et al. (2013) that a f(D)-control-only simulation by TOPS model underestimates GPP during the period 2000-2009 because of over-sensitivity to D drought effects. To our knowledge, the distinctive difference of physiological control (i.e., f(D) Â f(SM)) and supply/demand control (i.e., E/E PT ) on GPP in summer has seldom been addressed in previous studies.
There are a number of possible reasons for the differences of TEC GPP and flux tower GPP. They are satellite-derived MODIS FPAR, water stress parameterization, scale issue, observation error of flux GPP, temperature stress parameterization, and maximum light-use efficiency, which also challenge other GPP models (Heinsch et al., 2006; Yuan et al., 2007) . Fig. 2 shows that TEC GPP for C4 species did not increase over 15 gC m À2 day À1 whereas flux tower GPP reached 20 gC m À2 day
for C4 species at FermiA, MeadI, MeadIR, and MeadR. What caused this obvious discrepancy between TEC GPP and tower GPP for C4 species? As there is no observed FPAR data at these flux sites, and LAI and FPAR often have an exponential relationship (Monteith, 1973) , we had to compare MODIS LAI data with observed LAI data at flux sites of MeadI, MeaDIR, and MeadR (Fig. 12 ). Both irrigated sites, i.e., MeadI and MeadIR, featured a peak MODIS LAI of $2.0 (Fig. 12a and b) , while the observed peak LAI was $5.5 for two years (Verma et al., 2005) . Similarly, Fig. 12c shows that MODIS LAI data at the rainfed site of MeadR had a peak LAI of 2.3 for C3 soybean in 2002 and 1.6 for C4 maize in 2003, whereas the field peak LAI at MeadR had a peak LAI of 3.0 for soybean in 2002 and 4.3 for maize in 2003, respectively (Verma et al., 2005) . Above comparisons show that MODIS LAI products significantly underestimated crop LAI. Furthermore, a lower LAI often corresponds to a lower FPAR due to their exponential relationship (Monteith, 1973) , thus we can deduce that MODIS FPAR data was also underestimated which primarily caused the discrepancy between TEC GPP and flux tower GPP for C4 species. Accordingly, it is suggested to predict C4 GPP by using accurate remote sensing-FPAR and LAI data. On the other hand, it reveals that absence of continuous measurement of LAI and FPAR at flux sites hinders further improvement of remote sensing-based LAI/ FPAR products and so far ecological models such as GPP model. We will explore the discrepancy at SGP, FermiA, and Barrow when observed LAI/FPAR data are available. Although satellite-based GPP products have been often validated with the flux tower GPP data (Heinsch et al., 2006; Xiao et al., 2005a; Yang et al., 2007; Yuan et al., 2007; Li et al., 2008) , it should be kept in mind that flux tower GPP is not directly measured by eddy covariance at the tower sites and it is not a direct observation. The towers do directly measure net ecosystem exchange (NEE) and estimate respiration with a simple model . GPP comes from the difference between daytime NEE and daytime respiration , so the value given for GPP inherits all the uncertainties in the measurement of NEE and in the model for daytime respiration. Dragoni et al. (2007) found random uncertainty in NEE is 3-4% of annual NEP at a forest site. Respiration model is usually based on night-time measurements when there is no uptake and on assumptions about how respiration varies with temperature that is used to predict the daytime respiration . When the tower results are compared to the satellite-based GPP values, the uncertainties in flux GPP should be given attention.
Actually, there exists a vertical distribution of C3 and C4 species in savanna ecosystems, i.e., C4 species are understory whereas overstory is C3 species, which has never been considered in current global GPP models and therefore the global estimate of C4 GPP in the one-big-leaf GPP approach should be error-prone. However, TEC model ingested the horizontal distribution of C4 species in a format of percentage of C4 specie per unit area (Still et al., 2003) that could partly reduce the impact of vertical distribution of C3 and C4 species. We will study this effect when the observation data of vertical distribution of C3 and C4 species is available.
Up to present, numerous models have been developed to provide seasonal and annual estimates of global land GPP and NPP. Due to different physiological principles, underlying assumptions, and amounts of input data, GPP predictions vary, sometimes significantly (Coops et al., 2009 this study) . Although some preliminary experiments of model comparisons have been applied to evaluating model principles and uncertainties of driving forcing (Cramer et al., 1999; Ito and Sasai, 2006; Jung et al., 2007; Beer et al., 2010) a systematic inter-comparison project across available GPP models is warranted to achieve mechanistic interpretation of the disagreement of GPP predictions (Ryu et al., 2011) . The evaluation of water stress factors at flux sites in this study shows that the definition of water stress factors could be the reason resulting in the significant difference of trend between different GPP products, which highlights the direction of GPP model improvements.
Conclusions
Based on current knowledge of the physiological processes of GPP, we developed and evaluated a novel terrestrial ecosystem carbon flux model (TEC) that considered both distinct difference of photosynthesis of C4 and C3 plants and water stress effect on GPP by using a coupled precipitation-driven ARTS E model. The new water stress factor was defined as the ratio of actual E-E PT and a C4/ C3 plant type-dependent e* was adopted. One merit of adopting E/ E PT ratio as a water stress factor in TEC GPP model is that a universal e* for C3 species (including forest, crop, and grass) becomes possible. The result highlights the importance of discerning C4 and C3 plants in global GPP estimates, which implies those global GPP estimates are underestimated in part, due to the difference of C4 and C3 plants.
The evaluation of water stress factors at flux sites shows the water stress scalar E/E PT is superior to E/R n in representing water stress in the frame of TEC GPP model. The f(D) or f(D) Â f(SM)-based water stress factor tends to exert a water stressing effect even in summer at sites featuring plentiful water supply (i.e., f(SM) = 1.0) because f(D) is anti-correlated with an increasing D, which implies that GPP models driven with a f(D)-based water stress factor tend to underestimate GPP trend in case of global warming, which might result in a misunderstanding of climate change impact on carbon cycle. In addition, as water stress also affects ecosystem respiration, TEC model will be developed to include respiration term so as to study the impact of water stress on ecosystem carbon balance.
Without prerequisite calibration, TEC model successfully simulated terrestrial carbon fluxes at flux sites and on a global scale with MODIS FPAR data, C4/C3 plant map, climate data, and soil data as model inputs. TEC GPP model can be easily applied to global scale. Global reanalysis meteorological data can be freely obtained through many projects such as ERA-Interim reanalysis project with a delay of a couple of months or GMAO reanalysis project in real time. MOD15A2 LAI/FPAR products and GPCC precipitation datasets are operationally processed and can be obtained without time lag. The TEC GPP model can be applied for retrospective analysis and near-real-time estimates of global land GPP and give insights to carbon cycle, water cycle, their connection and interaction with climate change.
